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Abstract 
 
Long-term capacity planning and production scheduling present significant challenges for the aviation industry.  Our 
research has integrated three different modeling methodologies to effectively forecast future demand for aircraft 
painting and then assess and manage the capacity that is needed to meet these requirements. First, an innovative 
forecasting approach was developed in which stochastic processes were used to model aircraft demand over a selected 
time interval. These demand forecasts were used as inputs to an integer programming model, which was used to find 
optimal monthly aircraft painting schedules. This approach supports for resource allocation that is based on optimal 
scheduling, rather than the existing heuristic-based methods. The optimal monthly schedules can then serve as inputs 
to a discrete event simulation model of the painting operation, which can be used to test the robustness of the optimal 
schedules under conditions of uncertain demand and processing times.  
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1. Introduction 
The last step in aircraft production is painting custom airline livery (i.e., branding) on the aircraft to identify the airline 
that is operating the aircraft. The objectives for the painting operation are to minimize costs and complete the painting 
operation on-time. Currently, aircraft are assigned to hangars based on expert judgment and heuristic scheduling 
methods. While these methods work reasonably well for operational production planning, finding an optimal painting 
schedule has the potential to increase painting capacity without adding additional hangar capacity. 
 
Planning for future capacity needs in the painting operation requires an understanding of the impacts of optimally 
assigning orders to painting hangars. The resource capacity for painting operations is typically a mixture of onsite 
painting hangars supplemented by outsourced hangars to accommodate variation in demand. By applying an optimal 
schedule to increasing levels of forecast demand, inferences can be made about future capacity needs. Furthermore, a 
schedule that minimizes total costs (including penalty costs for tardiness) will result in optimal onsite and outsourced 
hangar utilization and can provide insights on general rules for assigning different aircraft models to particular hangars.  
 
There is a large body of literature on capacity and scheduling problems, with many applications in the field of 
manufacturing. This literature addresses two types of problems: long-term planning problems and short-term 
scheduling problems. Long-term planning is focused at the aggregate level and involves decisions about capacity, new 
facilities, processing techniques, and outsourcing decisions. Short-term scheduling addresses operational scheduling, 
resource allocation, and outsourcing decisions. Solving scheduling problems typically involves finding an optimal or 
near-optimal schedule with some criterion (e.g., minimize total cost, minimize lateness, or minimize the number of 
late jobs), subject to constraints.  Mathematical programming techniques are often used to model and solve these 
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problems. However, most scheduling problems are NP (non-deterministic polynomial) hard problems. Thus, heuristic 
methods or simulations are often necessary to solve NP-hard scheduling problems [1]. 
 
A variety of different approaches could potentially be used to address the aircraft painting scheduling problem. Project 
planning and scheduling problems assume that the processing times and costs of the jobs to be scheduled are not fixed, 
although each job will have a specific maximum duration. Further, it is assumed that the project manager has some 
control of the processing time of the different jobs through the allocation of funds from the project budget [2]. 
Aggregate production planning (APP) models simultaneously address multiple production planning problems, 
including scheduling, inventory control, workforce planning, and long-term capacity planning [3]. APP models can 
involve more than one objective function, such as minimizing cost or total tardiness. When setup costs are significant, 
the use of lot-sizing models is appropriate. The most basic lot-sizing model is the economic order quantity (EOQ) 
model [4]. Timetabling is a type of assignment problem. It is the allocation, subject to constraints, of resources to 
subjects being placed in space and time in such a way as to satisfy as nearly as possible a set of desirable objectives 
[5]. For example, in a university timetable problem, classes and the students who attend the classes (subjects) are 
assigned into timeslots and rooms. The aircraft painting scheduling problem described in this paper could be 
formulated as a timetabling problem. Each airplane can be viewed as a subject that must be assigned to a hangar and 
then utilize the timeslots of that hangar. 
 
Integer programming is often used to solve production scheduling problems [6]. Hadi and Erel developed a binary 
integer programming model to solve the mixed-model assembly line balancing problem [7]. In their model, binary 
variables are used to represent the assignment of tasks to stations. Ruiz-Torres et. al derived Pareto-optimal solutions 
for a scheduling problem with an objective of minimizing the number of late orders and minimizing outsourcing costs 
[8]. A binary integer model was used to solve a production planning problem with outsourcing. The objective was to 
maximize the utilization of internal resources, while completing all tasks on time [9]. Al-e-hashem and Malekly 
developed a mixed integer nonlinear program to solve an aggregate production planning model under demand 
uncertainty for a multi-site, multi-period problem [10]. 
 
The use of mathematical programming to solve scheduling and capacity problems for aircraft painting operations has 
its own unique challenges. In the context of aircraft painting operations, two research questions need to be addressed. 
First, how should airplanes be assigned to paint hangars such that the monthly painting schedules minimize total 
system cost? Secondly, if optimal scheduling is used, what is the maximum number of airplane models that can be 
painted each month? The optimization model described in this paper seeks to minimize total system cost, given that 
different airplane models have different hangar requirements, there are known and fixed delivery deadlines for each 
job, and there are large penalty costs for late orders. The resulting schedule provides start dates and hangar assignments 
for each job, such that overall system costs are minimized. This model optimizes short-term (i.e., monthly) schedules 
and also provides useful information to support long-term capacity decisions and general scheduling heuristics. 
 
The rest of the paper is organized as follows: in Section 2, the key parameters and assumptions for the airplane painting 
capacity and scheduling problem are identified. A mixed integer linear programming model is introduced in Section 
3. Section 4 concludes the paper with a summary of findings and a discussion of potential future research. 
 
2. Model Parameters and Assumptions  
Finding an optimal schedule requires the consideration of a variety of input parameters, including the number of 
available onsite and outsourced hangars and their associated costs, average production rates, penalty costs associated 
with late deliveries, and forecasts of monthly demand for each airplane model. An innovative forecasting approach 
was developed in which the demand for different airplane models was modeled using stochastic processes. These 
demand forecasts served as inputs to the mixed integer linear programming model. It was assumed that the demand 
for a given month is known at the beginning of that month and remains fixed for the duration of the month. 
However, demand from one month to the next may vary. It was also assumed that there are 22 working days 
available for painting in each month.  Each demand instance (i.e., painting job) is characterized by the model of 
airplane to be painted, a requested delivery date, and a job release date. If a job cannot be completed by its requested 
delivery date, a penalty cost is incurred for each day of tardiness. 
 
The airplane model to be painted determines the subset of hangars to which a job can be assigned. These technical 
requirements are represented in the model as a binary forbidden matrix. The forbidden matrix ensures that the job 
can only assigned to hangars that are capable of completing the job. Each subset of allowable hangars for each 
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model is rank-ordered by economic preference (e.g., onsite before outsourced hangars). The painting cost matrix for 
each model in each hangar captures the economic preference of a hangar. The cost of more-preferred hangars is 
assumed to be less than the less-preferred hangars. For example, the cost matrix is used to represent the preference 
for onsite hangars, such that assigning a job to an offsite hangar has a much higher cost than assigning it to an onsite 
hangar. Thus, the painting cost of a particular job depends on both airplane model and the hangar to which the job is 
assigned.  
 
Once an airplane has been assigned to a hangar, the painting process begins. It is assumed that each hangar is 
capable of painting one plane at a time, and a hangar must completely finish a job before beginning the next one. 
The total production time for a particular airplane model consists of setup time and painting time, and this value 
depends upon the hangar to which it is assigned.  However, it is assumed that the production time for a particular 
model in a given hangar is always the same; that is, it is a fixed and constant value. The mean processing time is 2 to 
5 days, and the mean setup time for an airplane is1 or 2 days.  
 
3. Model Formulation 
In this section, the formulation for the proposed mixed integer linear programming model for painting scheduling 
problem is presented. The mathematical notations for the model are summarized in Table 1. 
 
Table 1: Notations for scheduling model 
Subscripts 
𝑖 1,2,…, I Index of paint hangars  
𝑗 1,2,…,J Index of painting jobs 
𝑚 1,2,…,M Airplane model type 
𝑡 1,2,…,T Day of the month 
Decision Variables 
𝑥𝑖,𝑗 Binary variable that takes on a value of 1 if job j is assigned to hangar i and 0 otherwise 
𝑦𝑖,𝑗,𝑡 Binary variable that takes on a value of 1 if job j is assigned to hangar i  at the beginning of 
time t and 0 otherwise 
𝑑𝑖,𝑚 Non-negative integer variable that represents the number of airplanes painted of model m in 
hangar i 
𝑓𝑗  Integer variable that represents the tardiness of job j 
Parameters 
𝑅𝑗 Release date for job j 
𝐿𝑗 Latest allowable date to assign job j to avoid tardiness 
𝐷𝑗 Due date for job j; 𝐷𝑗 =  𝐿𝑗 + min
𝑖
𝑃𝑖𝑗 
𝑃𝑖𝑗 Processing time for job j on hangar i, including setup time and painting time; 
check 𝐷𝑗 − min
𝑖
𝑃𝑖𝑗 ≥ 𝑅𝑗 
𝐶𝑖,𝑚  Cost for model m in hangar i, include painting and setup cost 
𝐴𝑗,𝑚  Job matrix; job j is airplane model m 
𝐵𝑖,𝑚  Binary forbidden matrix; model m cannot be painted in hangar i 
𝐶𝑝 Penalty cost for one day of tardiness 
𝑀𝑏 Big M, e.g., M=1000 
 
 
The objective of the model is to minimize total cost, which includes setup, painting, and tardiness penalty costs. The 
objective function of the model is as follows: 
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𝑚𝑖𝑛
𝑥𝑖,𝑗
𝑇𝑜𝑡𝑎𝑙𝑐𝑜𝑠𝑡 = ∑ ∑ ∑ 𝑥𝑖,𝑗 ∗ 𝐴𝑗,𝑚 ∗ 𝐶𝑖,𝑚 𝑚𝑗𝑖 + ∑ (𝑓𝑗)
+ ∗ 𝐶𝑝𝑗    
 
The cost matrix 𝐶𝑖,𝑚  differentiates costs and processing times for onsite and outsourced hangars.  Any airplanes that 
cannot be painted in a given month because of insufficient capacity incur a penalty cost. The second component of 
the objective function is the tardiness penalty cost. This consists of the number of days tardy multiplied by a 
tardiness cost coefficient. When tardiness 𝑓𝑗  for job j is greater than 0, a positive penalty cost will be included in the 
objective function, where penalty cost is a linear function of tardiness with a coefficient of 𝐶𝑝. 
 
The model is also subject to seven constraints. Constraints (1) and (2) capture the relationship between decision 
variables 𝑥𝑖,𝑗, 𝑦𝑖,𝑗,𝑡, and 𝑑𝑖,𝑚. The binary variable 𝑦𝑖,𝑗,𝑡  represents whether or not job j is assigned to hangar i and 
occupies time slots 𝑡 𝑡𝑜 𝑡 + 𝑃𝑖𝑗. The binary variable 𝑑𝑖,𝑚 represents the number of airplanes of model m painted in 
hangar i for a given month.  
∑ 𝑦𝑖,𝑗,𝑡
𝑇
𝑡=1  = 𝑥𝑖,𝑗 ,       ∀ 𝑗, 𝑖  (1) 
∑ 𝑥𝑖,𝑗 ∗ 𝐴𝑗,𝑚  
𝐽
𝑗=1 = 𝑑𝑖,𝑚  ∀𝑖, 𝑚  (2) 
 
Constraint (3) ensures that each job will be assigned to a single hangar at a specific time t.  
∑ ∑ 𝑦𝑖,𝑗,𝑡
𝑇
𝑡=𝑅𝑗
𝐼
𝑖=1 = 1, ∀ 𝑗   (3) 
 
Constraint (4) calculates the tardiness for job j. A job’s tardiness is the difference between its assigned start date and 
the latest allowable date to assign the job to avoid tardiness. 
𝑓𝑗 = ∑ ∑ 𝑦𝑖,𝑗,𝑡𝑡𝑖 ∗ 𝑡 − 𝐿𝑗 , ∀𝑗  (4) 
 
Constraint (5) prevents a new job from being started until the previous job has finished. In other words, a hangar 
cannot perform multiple jobs at the same time. 
(𝑦𝑖,𝑗,𝑡 − 1) ∗ 𝑃𝑖𝑗 + ∑ ∑ 𝑦𝑖,𝑗,𝜏
𝑡+𝑃𝑖𝑗−1
𝜏=𝑡
𝐽
𝑗′=1 ≤ 1   ∀𝑖, 𝑗, 𝑡   
(5) 
 
Constraint (6) uses the big M method to ensure that airplane model m cannot be painted in hangar i based 
on binary forbidden matrix 𝐵𝑖,𝑚. 
 
𝑀𝑏 ∗ 𝐵𝑖,𝑚 ≥ 𝑑𝑖,𝑚  ∀𝑖, 𝑚    (6) 
 
Constraint (7) defines the domain for the decision variables. 
 𝑦𝑖,𝑗,𝑡 ∈ {0,1}    (7) 
 
In summary, the model is structured as a capacitated resource allocation problem with prioritized resource demand 
such that each airplane that requires painting (i.e., each painting job) is assigned to begin production at a particular 
paint hangar on a specific day of the month. Thus, the primary decision variable for this problem is a binary integer 
variable that specifies which job will begin painting on any given day for each hangar. The objective is to minimize 
the total cost, which trades off delay penalty costs and production costs. 
 
4. Case Study 
A case study based on an airplane manufacturing company’s painting operations was used to illustrate the 
modeling framework. Data from the relevant literature and expert opinion provided by the company were used to 
inform the structure of the scheduling model, as well as the values assigned to key modeling parameters. There were 
22 hangars available for job assignment, including 12 onsite hangars and 10 outsourced hangars. The painting cost 
was estimated as follows: the labor cost was assumed to be $20 per hour per worker, with a total of 15 workers per 
hangar, one 8 hour shift each day, for a total of $3000 in labor per day. The material cost was assumed to be $3000 
per day. Therefore the total painting and setup cost was assumed to be $6000 per day. The delay penalty cost per day 
was assumed to be $50,000.  
 
Based on the aforementioned parameter values and 240 instances of forecast monthly demand (i.e., demand for 20 
years into the future), the mathematical model was used to generate optimal monthly schedules. To demonstrate the 
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model, an optimal schedule for one month is provided.  The demand data for the month is shown in Table 2. 
 
Table 2: demand for one month  
Airplane Model Demand 
B3 28 
B4 1 
B6 1 
B7 3 
B8 4 
 
Based on the optimal result, the corresponding Gantt chart schedule is shown in Figure 1. Notice that some hangars 
cannot paint certain types of airplane models, as indicated in the forbidden matrix. For example, model B3 cannot be 
painted in hangars 1 to 6. The setup time for each hangar for the same airplane model can also vary. As shown in 
Figure 1, the optimal solution tends to assign jobs with shorter processing times to hangars with shorter setup times, 
which is consistent with the shortest processing time heuristic that is commonly applied to operations scheduling 
problems. For example, B3 has the shortest processing time, and it was assigned to hangars 7 through 12, which 
have negligible setup time for this model. 
 
 
Figure1: Optimal schedule for one month  
 
All 240 monthly demand instances, which represent the 20-year planning horizon, were analyzed in the same 
manner. With 22 hangars, an optimal solution could be found for a demand of less than 120 airplanes per month. 
Scenarios with monthly demand greater than 110 airplanes would exceed capacity, and scenarios with a monthly 
demand of more than 60 airplanes would result in penalty costs. The results provide insights into the impacts of 
different potential future scenarios on costs and delivery capabilities.  
 
The optimal monthly schedules serve as inputs to a discrete event simulation model of the painting operation, which 
can be used to test the robustness of the optimal schedules under conditions of uncertain demand and processing 
times.  
 
5. Conclusion 
We have formulated a mixed integer linear programming model that can be used to find optimal monthly schedules 
for aircraft painting operations, based on system parameters and forecasted monthly demand. The model considers 
the unique setup times, process times, hangar painting capabilities, and costs for each job. The solutions for the case 
study were consistent with the results yielded by the shortest processing time heuristic. 
 
Future research will address some of the key limitations of the modeling approach. For example, the parameters in 
the model are assumed to be known and deterministic. However, in reality processing times are stochastic. To 
address this limitation, other modeling methods, such as stochastic programming, dynamic programming, 
metaheuristics, or robust optimization could be used. Additional features could also be included in the model, such 
as assigning a bonus for painting a sequence of airplanes of the same model at a hangar to reward reduced setups. 
Hangar 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1 737
2 747
3 767
4 777
5 787
6
7
8
9
10
11
12
25
21
14
10
9
11
2
3
7 8 13 12 22
6 16 26 5 27
Time
32 33
31
34
36
37
35
30
29
15
23
4
24
20
19
28
1
18
17
B3 
B4 
B6 
B7 
B8 
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Heuristics based on dispatching rules could also be used to generate monthly schedules, and system performance 
with different dispatching rules could be analyzed and compared to the optimal schedules. This heuristic-based 
approach would provide insights on how to efficiently solve larger scheduling problems that are computationally 
intensive. 
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